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CONNECTOMICS SO FAR
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A Connectome of the Adult Drosophila Central Brain
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ENABLING CONNECTOMICS AT EXASCALE TO FACILITATE
DISCOVERIES IN NEUROSCIENCE

= Why Connectomics?
— Understand neurodegenerative diseases
— Understand learning and aging and
consciousness
— Build better, purpose-built neural networks
— Design neuromorphic computers

=« Why Exascale Connectomics?
— Fruit fly brain: 250K neurons, O(terabytes)
— Mouse brain: 14M neurons, O(petabytes)
— Human brain: 100B neurons, O(exabytes)
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TED talk by Sebastian Seung: https://www.

Information

Fly Mouse

All US academic _|
research libraries
Petabyte —

Printed collection- _|
Library of Congress

Terabyte —|

Gigabyte —
Broadcast-quality
movie -
Complete works of
W. Shakespeare |
Megabyte —

T IIITII T T TTTTYT] T T Y[T'I] T L YTTI"T L TTTTTYI T T YTVITII
1nm 10 nm 0.1 um 1um 10 um 0.1 mm 1mm

Resolution


https://www.ted.com/talks/sebastian_seung

CONNECTOME CHALLENGES
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Big raw data

Limited training data ol
» Significant human effort for ground truth =

Many imperfections or anomalies in data

Complex neuron shapes in different sizes

Deep learning model training and large-scale inference
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Pipelines built with Balsam (balsam.alcf.anl.gov)
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FLOOD FILLING NETWORK (FFN)
TDAINING e ——

[ Ix3x3x32 convolution (‘SAME') ]
= FFN was developed by Google Brain for automated segmentation of = '
structures in EM image data (3 coneteen st
= Implemented in TensorFlow ; C\? e ‘
= Network consists of a series of 3D convolutional blocks with residual
connections

= A 12 layer network has roughly 0.5M trainable parameters

= Network builds on notion of watershed algorithm

= Find boundaries and fill interior
= Prefer split errors over merge errors
= Boundary-finding is complicated
= complex object structure and substructure

= variation between datasets (limited opportunity for transfer
learning, and yet...)

= variation within datasets (fixing, cutting, staining, imaging)
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» Dataset-specific training is required
= Accuracy of FFN is an order of magnitude better than past
approaches, but with a higher computational cost.

M. Januszewski, J. Kornfeld, P. H. Li, A. Pope, T. Blakely, L. Lindsey, J. Maitin-Shepard, M. Tyka, W. Denk,
and V. Jain, “High-precision automated reconstruction of neurons with flood-filling networks,” Nature Methods




FLOOD FILLING NETWORK (FFN)

INFERENCE
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40nm resolution 100x increase in computation
20x increase in 1/O speed
¥~ - Current processing and I/O challenges

will be solved with the upgrade to Aurora.

Small fraction of a whole mouse brain
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The new system will enable the
processing of whole mouse brains at
high resolution.
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SUMMARY

= Significant learning and computing challenges remain
= Significant human effort still required
= How long before learning methods outperform humans on these tasks?

= Obtaining a full mouse connectome will take years of imaging and years of
computing

= Human brain?

= Future will bring advances in microscopes (more pixels!) and methods, and
advances in computing (Aurora)

= \WWe are using brain-inspired* neural networks to understand the brain so we can
make better neural networks.
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